In a recent paper, Goyal and Santa-Clara (GS, 2003) propose a measure of the equalweighted monthly average stock volatility using the CRSP (Center for Research in Security Prices) daily return data: (1) EWIV N r r r where N t is the number of stocks, D it is the number of trading days for stock i in month t, and r id is the return on stock i in day d of month t. 1 GS show that EWIV has some forecasting abilities for excess stock market returns. However, in contrast with the Capital Asset Pricing Model (CAPM), a measure of the monthly stock market volatility, where r md is the stock market return in day d of month t, doesn't forecast stock returns. Given that most variations of EWIV are due to idiosyncratic shocks to individual stocks, GS conclude that, consistent with the early authors, e.g., Lehmann (1990) , idiosyncratic risk is an important determinant of conditional excess stock market returns.
The results by GS, however, need further investigation because recent authors, e.g., Scruggs (1998) , Guo (2002) , uncover a positive risk-return tradeoff in the stock market after controlling for the hedge component in the intertemporal CAPM (ICAPM) advocated by Merton (1973) . In particular, Guo (2002) shows that, in conjunction with the consumption-wealth ratio by Lettau and Ludvigson (2001) , a measure of the quarterly stock market volatility similar to equation (2) is a strong predictor of excess stock market returns. These results are also consistent with the limited stock market participation model by Guo (2003) . He argues that conditional excess stock market returns have two components: a risk component, as in the CAPM, and a liquidity component tracked by the consumption-wealth ratio. Because these two components can be negatively related to one another, we might fail to find a positive risk-return relation if we don't control for the liquidity component.
Therefore, the results by GS might suggest two things. First, the idiosyncratic volatility forecasts stock returns because it captures the effect of non-traded human capital on asset prices, as stressed by Guo (2003) , among many others. For example, it co-moves with the liquidity component approximated by the consumption-wealth ratio. Second, as argued by Levy (1978) , Merton (1987) , and Malkiel and Xu (2001) , the idiosyncratic volatility matters because many investors hold poorly diversified portfolios. Therefore, investors might demand a premium on idiosyncratic risk, in addition to the market risk and liquidity risk premiums. To test the undiversified portfolio hypothesis, we investigate in this paper whether the idiosyncratic volatility proposed by GS provides information about future stock market returns beyond stock market volatility and the consumption-wealth ratio.
We first confirm that the average stock volatility EWIV forecasts one-quarter-ahead stock market returns over the 1962:Q4 to 1999:Q4 period analyzed by GS. 2 In dramatic contrast with GS, who use the monthly data, EWIV becomes insignificant if we add stock market volatility to the forecasting equation. 3 This result indicates that, as discussed in footnote 2, stock market volatility is more precisely estimated over a relatively long interval such as a quarter than 1 Campbell et al. (2001) advocate a volatility measure very similar to equation (1). We define a quarterly volatility measure below by setting t to be a quarter rather than a month. 2 We use a quarterly sample rather than the monthly sample use by GS because the consumption-wealth ratio is reliably available only on a quarterly basis. Moreover, Ghysels, Santa-Clara, and Valkanov (2003) argue that investors tend to place more weight on realized daily returns of the distant past than those of the recent past when forming expectations about stock market volatility. Therefore, stock market volatility is likely to be more precisely measured at the quarterly frequency than the monthly frequency. However, to be comparable with GS, we use the monthly EWIV of the last month in each quarter to forecast one-quarter-ahead excess stock market returns, although we find qualitatively the same results using quarterly EWIV. 3 We use the same measure of stock market volatility used by Guo (2002) : The sum of the squared deviation of the daily excess stock market returns from its quarterly mean in a quarter. This is also the volatility measure advocated by Merton (1980) . However, we find very similar results using stock market volatility defined in equation (2).
over a relatively short interval such as a month. 4 Interestingly, although EWIV by itself becomes insignificant if we extend the sample to 2002:Q4 by adding 12 quarterly observations, it regains the significance when combined with the consumption-wealth ratio. However, these results merely reflect the fact that EWIV co-moves with stock market volatility: It loses the predictive power again if we control for the latter in the forecasting equation. Therefore, the equal-weighted average stock volatility investigated by GS does not provide information about future stock returns beyond stock market volatility.
For robustness, we also analyze a value-weighted average stock volatility (VWIV), which is a potentially better measure of idiosyncratic risk faced by investors than EWIV but is not considered by GS. 5 Over the sample period 1963:Q1 to 2002:Q4, although VWIV by itself has no forecasting power for future stock returns, it is significantly negative in the forecasting equation when combined with stock market volatility. This negative relation between the idiosyncratic risk and expected returns is in sharp contrast with the positive relation uncovered by GS for the equal-weighted average volatility and is also at odds with the existing theories mentioned above. 6 One possible explanation is that, as mentioned above, VWIV might be correlated with the liquidity premium advocated by Guo (2003) . Indeed, its predictive ability disappears if we also add the consumption-wealth ratio to the forecasting equation. These results are robust to a host of alternative measures of the idiosyncratic volatility. Therefore, the conclusion by GS-that the idiosyncratic volatility measured in equation (1) or its valueweighted equivalent matters-should be interpreted with caution. 4 Similarly, Guo and Whitelaw (2003) show that using the implied volatility derived from option contracts on the S&P 100 index (an efficient measure of stock market volatility) helps uncover a positive risk-return tradeoff in the stock market. 5 Yan and Zhang (2003) find that VWIV is negatively but insignificantly related to future stock returns over the monthly sample analyzed by GS. 6 In a study independent of ours, Ang et al. (2003) also find that stocks with relatively high past idiosyncratic volatility tend to have lower future returns than stocks with relatively low past idiosyncratic volatility.
The remainder of the paper is organized as follows. We discuss the data in Section I and present the empirical results in Section II. Some concluding remarks are offered in Section III.
I. Data
We use the CRSP value-weighted stock market returns as a proxy for returns on aggregate wealth. Excess returns (ER) are the differences between stock market returns and a risk-free rate, which is also obtained from the CRSP. We aggregate monthly excess returns into the quarterly data through continuous compounding. As in Guo (2002) , we define the quarterly realized stock market volatility (MV) as
where e md is the excess stock market return in day d of quarter t and e md is its quarterly average.
We obtain daily value-weighted stock market returns from CRSP and assume that the daily riskfree rate is constant within a month. The consumption-wealth ratio (CAY) is obtained from Martin Lettau at New York University. Guo (2002) finds that the stochastically detrended riskfree rate (RREL)-the difference between the risk-free rate and its average over the past 12 months-provides additional information about future stock returns beyond stock market volatility and the consumption-wealth ratio. 7 However, as shown below, our results are not sensitive to whether we include it in the forecasting equation.
We follow GS in the construction of the equal-weighted average stock volatility EWIV defined in equation (1) where v it −1 is the market capitalization of stock i at the end of the period t-1. VWIV starts one period (a month or a quarter) after EWIV because we need the market capitalization data at the end of the previous period. Equations (1) and (4) provide measures of the average stock volatility, which is approximately the sum of stock market volatility and the idiosyncratic volatility. To obtain a direct measure of the latter, we regress the daily excess return on stock i, er it , on a vector of daily risk factors, f t ,
and use the residual η id instead of the raw return r id in equation (1) or (4). 8 We use two sets of risk factors: (1) daily excess stock market return, as in the CAPM and (2) idiosyncratic volatility based on the CAPM, and EWIV_F (VWIV_F) is the equal-weighted (valued) idiosyncratic volatility based on the FF three-factor model. 8 Given that loadings on the risk factors, β , might change over time, we also estimate equation (5) . We also require a minimum of 45 daily observations in order to obtain less-noisy parameter estimates. However, using the rolling sample gives very similar results to those using the full sample. To conserve space, we report only the results of the full sample and the results of the rolling sample are available upon request. Interestingly, as shown in Figure 4 , VWIV_F (solid line) moves closely with stock market volatility (dashed line). In contrast, Figure 5 shows that VWIV_F (solid line) tends to move in the opposite direction with the consumption-wealth ratio (dashed line). 12 The patterns are important for understanding the predictive ability of VWIV_F, which we discuss below.
Stock market volatility has a huge spike during the 1987 stock market crash. Following Campbell et al. (2001) and Guo (2002) , among many others, we adjust this observation downward in our empirical analysis below. (1) or (4). In the case of value weighting, we also drop stocks for which the market capitalization data at the end of the previous month are missing. 10 Malkiel and Xu (2003) and Wei and Zhang (2003) provide some rationales about the upward trend in the average and idiosyncratic volatilities. 11 We find very similar patterns in the idiosyncratic volatility based on the CAPM, which is not reported here. 12 For illustration, we scale stock market volatility by 8 in Figure 4 and scale the consumption-wealth ratio by 3 in Figure 5 . Campbell et al. (2001) argue that there is a deterministic trend in the idiosyncratic volatility, which might leads to spurious regressions. We confirm that the time trend is highly significant in all cases, and these results are available upon request. Following their advice, we also use the detrended idiosyncratic or average volatility-the residual from the regression of the idiosyncratic or average volatility on a constant and a linear time trend-in our empirical analysis. Panel C reports the cross-correlation based on the detrended volatilities, which is similar to that reported in panel B.
II.
Forecasting One-Quarter-Ahead Excess Stock Market Returns
A.
Monthly Equal-Weighted Average Stock Volatility Reported by GS : 1962 :Q4 to 1999 , as shown in row 6, the adjusted R-squared is essentially unchanged, confirming its negligible predictive power. As mentioned above, the deterministic trend in the idiosyncratic or average stock volatility might lead to spurious regressions. To address this issue, we repeat the above analysis using the detrended average stock volatility and report the regression results in panel B. Again, we find that MV always drives out detrended EWIV M . Therefore, the average stock volatility advocated by GS forecasts stock returns mainly because it co-moves with stock market volatility.
B. Monthly Equal-Weighted Average Stock Volatility Reported by GS : Different Samples
To further check the robustness of the results by GS, we also update the sample from 1999:Q4 to 2002:Q4 with 12 additional quarterly observations-the most recent data available to us when the paper was written-and report the estimation results in panel A of Table 3 . In sharp contrast with Table 2 , row 1 of Table 3 shows that EWIV M by itself is still positive but no longer statistically significant in the updated sample. We find a similar result using the updated monthly data. It remains insignificant after we control for the other forecasting variables in row 2. 13 It should be noted that we find very similar results using EWIV M sampled in the first or second month of each quarter.
However, consistent with Guo (2002) , MV is always significantly positive when combined with CAY, although it is insignificant by itself in the updated sample. The recent experience provides a good example to understand the importance of including CAY in the forecasting equation, as advocated by Guo (2003) . The positive relation between the average stock volatility or stock market volatility and future returns disappears in the updated sample because stock market prices fell steeply while both the average volatility (Figure 1 ) and stock market volatility (Figure 4) rose sharply in the past few years. However, this relation is less puzzling if we take into account that CAY indicates that the U.S. stock market has been seriously overvalued before the crash, as shown in Figure 5 . Moreover, in Table 3 , we find qualitatively the same results in two 
C. Quarterly Equal-Weighted Average and Idiosyncratic Stock Volatilities
The average stock volatility does not provide information beyond stock market volatility possibly because it is not precisely measured at the monthly frequency. Also, the idiosyncratic volatility based on the CAPM or the FF three-factor model might have better forecasting performance than the average stock volatility proposed by GS. However, Table 4 shows that these considerations do not change the results from the preceding subsections. Panel A presents the results of the detrended equal-weighted quarterly average stock volatility, D_EWIV.
Consistent with panel A of Table 3 , it is statistically insignificant by itself (row 1) or in conjunction with MV (row 2). It, however, becomes significantly positive when combined with CAY (row 3). But this result merely reflects a close relation between D_EWIV and MV: MV drives out D_EWIV completely if we add both MV and CAY to the forecasting equation (row 4). We find qualitatively the same results using the idiosyncratic volatility based on the CAPM (panel B) and the FF three-factor model (panel C).
D. Quarterly Value-Weighted Average and Idiosyncratic Stock Volatilities
In the preceding subsections, we find that neither the equal-weighted average nor the idiosyncratic stock volatility provides additional information beyond stock market volatility in forecasting stock returns. One possible reason is that equal weighting is a poor measure of the idiosyncratic risk faced by investors because it gives too much weight to small stocks, which are a small share of investors' portfolios. To address this issue, we present in Table 5 the results using the detrended value-weighted quarterly average and idiosyncratic stock volatilities.
Panel A presents the results of the detrended quarterly value-weighted average stock volatility, D_VWIV. Row 1 shows that it is insignificantly and negatively related to future stock returns. Interestingly, it becomes significantly negative when we also add MV to the forecasting equation, with the adjusted R-squared of 5.93 percent (row 2). It should also be noted that MV is significantly positive in row 2, although it is insignificant by itself in this sample, as mentioned above. Therefore, the results of row 2 cannot be attributed to the high correlation between the two variables, as documented in Figure 4 and Table 1 . In contrast, D_VWIV is not significant at the 5 percent level if we add CAY and RREL, respectively, to the forecasting equation (rows 4 and 5). That D_VWIV is significantly negative when combined with MV is puzzling because it contradicts the existing theories, e.g., Levy (1978) , Merton (1987), and Malkiel and Xu (2001) .
One possible explanation is that, as mentioned in the introduction, D_VWIV forecasts stock returns because it co-moves with CAY. This conjecture is plausible because, as shown in panel C
of Table 1 , the correlation coefficient between the two variables is −0 59 . . Indeed, row 5 shows D_VWIV becomes insignificant after we add MV, CAY, and RREL together to the forecasting equation. 14 Moreover, this result is not sensitive to whether we drop RREL from the forecasting equation (row 6). We reach the same conclusion using the value-weighted idiosyncratic volatility based on the CAPM (panel B) and the FF three-factor model (panel C). Therefore, the valueweighted average and idiosyncratic volatilities don't provide information beyond the forecasting variables advocated by Guo (2003) either.
III. Conclusion
In this paper, we show that, contrary to Goyal and Santa-Clara (2003) , there is little empirical support for the hypothesis that poor diversification of investors' portfolios makes idiosyncratic risk an important determinant of conditional excess stock market returns. In 14 We find that the raw volatility is significant in the forecasting equation. This result is likely due to spurious regressions, as mentioned above. For example, if we add a linear time trend to the equation (6), the raw volatility again becomes insignificant. Moreover, adding the raw volatility does not improve the predictive power in the outof-sample test. We find very similar results in panels B and C. particular, we find that, the equal-weighted average and idiosyncratic stock volatilities investigated by GS forecast stock returns mainly because they co-move with stock market volatility. More importantly, in sharp contrast with the positive effect advocated by GS, the value-weighted average and idiosyncratic volatilities are actually found negatively related to future stock returns. Nevertheless, their predictive power is subsumed by the consumptionwealth ratio, and our results thus provide support for the forecasting equation advocated by Guo (2003) .
Our empirical results also challenge the existing theories. Given that many investors own only a few stocks-a fact well established by recent authors, e.g., Barber and Odean (2000) -it is puzzling that idiosyncratic volatility has negligible or even negative effects on expected stock market returns. Also, it is not clear why the valued-weighted idiosyncratic volatility is closely related to the consumption-wealth ratio, as shown in Figure 5 . Addressing these issues formally is beyond the scope of this paper; we believe, however, they warrant attention in future research. Note: EWIV M is the monthly equal-weighted average stock volatility sampled in the last month of each quarter. The other variables are constructed quarterly. EWIV (VWIV) is the equal-weighted (value-weighted) average stock volatility; EWIV_F (VWIV_F) is the equal-weighted (valued) idiosyncratic volatility based on the FF three-factor model; MV is stock market volatility; CAY is the consumption-wealth ratio; RREL is the stochastically detrended risk-free rate; and ER is the excess stock market return. EWIV_F and VWIV_F start from 1963:Q3. The detrended volatility in panel C is the residual from the regression of the raw volatility on a constant and a linear time trend. 
